The artificial bee colony (ABC) algorithm, which was inspired by the foraging and dance behaviors of real honey bee colonies, was first introduced for solving numerical optimization problems. When the solution space of the optimization problem is binary-structured, the basic ABC algorithm should be modified for solving this class of problems. In this study, we propose XOR-based modification for the solution-updating equation of the ABC algorithm in order to solve binary optimization problems. The proposed method, named binary ABC (binABC), is examined on an uncapacitated facility location problem, which is a pure binary optimization problem, and the results obtained by the binABC are compared with results obtained by binary particle swarm optimization (BPSO), the discrete ABC (DisABC) algorithm, and improved BPSO (IBPSO). The experimental results show that binABC is an alternative tool for solving binary optimization problems and is a competitive algorithm when compared with BPSO, DisABC, and IBPSO in terms of solution quality, robustness, and simplicity.
Introduction
In recent years, many swarm intelligence methods have been proposed for solving hard optimization problems due to their simple structures and production of effective solutions for problems in a reasonable time. The artificial bee colony (ABC) algorithm, which is one of the most popular swarm intelligence algorithms, was first introduced by Karaboga in 2005 for numerical optimization problems and was inspired by the intelligent behaviors of real honey bee colonies [1] . For solving numerical optimization problems, the ABC was designed using the interaction in the swarm and there are 2 types of bees in the ABC, the employed and unemployed bees. Employed bees try to find food sources that represent a feasible solution for the optimization problem using the interaction in the employed bee population. Employed bees also move the position information about the food sources to the ABC hive. Unemployed foragers consist of onlooker bees and scout bees. The onlooker bees try to improve the solution of the employed bees by considering the information shared by the employed bees. If a food source could not be improved in a certain time, the employed bee of this food source becomes a scout bee. After a new food source is randomly generated for the scout bee, this scout bee becomes an employed bee.
After the invention of the basic ABC algorithm in 2005, many ABC variants that use the model given above have been proposed for solving different optimization problems. Karaboga and Basturk [2] presented the performance analysis of the ABC and compared it with particle swarm optimization (PSO), the genetic algorithm (GA), and the particle swarm-inspired evolutionary algorithm, and they also extended it to constrained * Correspondence: mskiran@selcuk.edu.tr optimization problems [3, 4] . Karaboga and Basturk [5] used the ABC for solving multidimensional numeric problems and compared its results with PSO, differential evolution, and the evolutionary algorithm. Inspired by PSO, Zhu and Kwong [6] added a component named gbest to the solution-updating equation of the ABC algorithm in order to increase the exploitation ability of the ABC. Alatas [7] proposed an ABC model that uses chaotic maps for parameter adaptation so as to improve the convergence characteristics and to prevent the ABC from getting stuck in local minimums. Kashan et al. [8] introduced a binary version of the ABC, named discrete artificial bee colony (DisABC), for pure binary optimization problems; Karaboga and Gorkemli [9] proposed a combinatorial ABC for solving traveling salesman problems; and Kıran et al. analyzed the performance of the ABC with a neighborhood operator on the traveling salesman problem [10] and added a new information-sharing strategy to the basic ABC algorithm [11] . In order to increase the convergence rate of the ABC on the constrained optimization problems and composite and some nonseparable numerical functions, Akay and Karaboga [12] added a parameter called the modification rate to the basic ABC algorithm. The ABC algorithm was also used for test suite optimization [13] , training an artificial neural network [14] , data clustering [15] , dynamic deployment of stationary and mobile sensor networks [16, 17] , wireless network routing [18] , symbolic regression [19] , the leaf-constrained minimum spanning tree problem [20] , designing of adaptive finite and infinite impulse response filters [21] , and reducing the computational complexity of the partial transmit sequence in orthogonal frequency division multiplexing systems [22] . In addition, Karaboga et al. presented a comprehensive survey on the modifications, hybridizations, and applications of the ABC algorithm, and the studies on the ABC conducted from 2005 to 2011 can be found in [23] .
According to the literature review, the basic ABC algorithm is a competitive algorithm for optimization problems with continuous solution space. If the solution space of the problem is binary-structured, the basic ABC algorithm must be modified for solving this class of optimization problems. Using the conceptual structure of the basic ABC algorithm and an XOR logic operator, we propose a binary version of the ABC for solving binary optimization problems. The proposed method is examined on a pure binary optimization problem, the uncapacitated facility location problem (UFLP). The UFLP is one of the most widely studied problems in combinatorial optimization. It assumes the minimizing of the total cost of providing the demand of customers under the conditions that are a fixed cost of setting up a facility and a shipping cost of satisfying the customer demand for that facility [24] . The obtained results by the presented method are compared with binary PSO (BPSO) [25] , improved BPSO (IBPSO) [26] , and the DisABC algorithm [8] .
The paper is organized as follows: Section 1 gives the introduction and a brief literature review. The basic ABC algorithm and proposed method are given in Sections 2 and 3, respectively. The BPSO, IBPSO, and DisABC methods are briefly explained in Section 4. Section 5 presents a mathematical model of the UFLP and Section 6 gives the experiments and experimental results. The obtained results are discussed in Section 7, and, finally, the study is concluded in Section 8.
The basic ABC algorithm
In the ABC hive, there are 2 types of bees, employed foragers and unemployed foragers [1] . Employed foragers move nectar sources and position information about the food sources to the hive, continuously. There are 2 unemployed foragers in the hive, the onlooker and scout bees. Onlooker bees wait for information shared by the employed foragers in order to search around the food sources of the employed foragers. The occurrence of the scout bee depends on the quality of the food source. If a food source could not be improved in a certain time (limit parameter of the algorithm determined by the designer), the employed forager of this food source becomes a scout bee. After a new solution produced for the scout bee, this scout bee becomes an employed forager. Moreover, the basic ABC algorithm consists of 4 phases, named initialization, employed, onlooker, and scout bee phases.
Initialization phase
In this phase, a feasible solution is produced for each employed bee using Eq. (1) and the abandonment counters of the employed bees that will be used for testing the limit are reset.
Here, X j i is the j th dimension of the i th employed bee, and X min j and X max j are the lower and upper bounds of the j th dimension, respectively. R is a random number in the range of [0, 1] , N is the number of employed bees, and D is the dimensionality of the problem.
After producing new solutions for the employed bees, the fitness values of the solutions are calculated using Eq. (2):
where f it i is the fitness value of the ith employed bee (or solution) and f i is the objective function value, specific for the optimization problem, of the ith employed bee.
Employed bee phase
Each employed bee tries to improve its self-solution using Eq. (3) . If the fitness value of the new candidate solution obtained by Eq. (3) is better than the old one, then the employed bee memorizes the new solution and its abandonment counter is reset; otherwise, the abandonment counter of the employed bee is increased by 1 (let V i = X i ):
where V j i is the j th dimension of the i th candidate solution, X j i is the j th dimension of the i th employed bee, X j k is the j th dimension of the neighbor employed bee, and φ is a random number in the range of [-1, + 1]. It should be mentioned that only 1 dimension of the solution of an employed bee is updated at each iteration, and this dimension and neighbor bee chosen from the employed bee population are randomly selected in Eq. (3).
Onlooker bee phase
The onlooker bees wait for information about food sources that will be shared by the employed bee in the hive. After the employed bees return to the hive, the employed bees share the position information of the self-solutions with onlooker bees in the dance area of the hive. The onlooker bees select an employed bee in order to improve its solution using Eq. (4) [19] :
where p i is the selected probability of the ith employed bee, f it i is the fitness value of the i th employed bee, f it best is the best solution in the employed bee population, and N is the number of employed bees.
After an employed bee is selected, the solution of the employed bee is updated using Eq. (3) . If the new solution is better than the old solution, the solutions are replaced and the abandonment counter of the employed bee is reset. Otherwise, the abandonment counter of the employed bee is increased by 1.
Scout bee phase
In this phase, the abandonment counter with the maximum content is fixed and this content is compared with the limit. If the content is higher than the limit, the employed bee of this counter becomes a scout bee. If a scout bee occurs at the ABC iteration, a new solution is generated for the scout bee using Eq. (1), the abandonment counter is reset, and the scout bee becomes an employed bee.
Despite the fact that the best solution of the population is not directly used for updating the solution by the employed or onlooker bees for the population, the best solution obtained so far is stored at each iteration. The ABC is an iterative algorithm and the maximum evaluation number or maximum iteration number can be used for termination of the algorithm. In addition, the number of employed bees and onlooker bees is equal to each other and only 1 scout bee can occur at each iteration. After all of the explanations given above, the basic algorithm and framework of the ABC are presented in Figures 1 and 2 , respectively.
Initialization Phase
For each employed bee Generate the solution for the employed bee by using Eq. 
Onlooker Bee Phase
For each onlooker bee Calculate the selection probability by using Eq.4 Select an employed bee and update its solution by using Eq.3 Calculate the fitness value of new solution of onlooker bee. If new solution is better than the old solution, employed bee memorizes new solution and the abandonment counter of the employed bee is reset, otherwise the abandonment counter of the employed bee is increased by 1.
Scout Bee Phase
Fix the abandonment counter with the maximum value. If the content is higher than the limit, generate a new solution for the employed bee by using Eq.1 and reset the abandonment counter of this employed bee. Calculate the fitness value of new solution. 
The binABC algorithm
When the solution space of the problem is binary-structured, Eqs. (1) and (2) of the basic ABC algorithm should be modified for solving binary optimization problems. In the initialization phase of the binary ABC (binABC), we proposed a Bernoulli process using random numbers for initialization of the employed bee population. For each dimension of the problem, a random number is generated in the range of [0, 1] . If the random number is less than 0.5, the corresponding dimension gets 0; otherwise, it gets 1. This is formulated as follows:
where p is the probability value, which is taken as 0.5 for the binABC algorithm, because whether a facility is opened or not causes an equal probability in the initialization phase of the binABC algorithm; r i,j is the trial, which is a randomly generated number in [0,1]; and X i,j is the j th dimension of the i th employed bee. After the employed bee population is initialized, the positions of the solutions are updated in the employed and onlooker bee phases. The equation of updating the position (Eq. (2)) is modified as follows:
where V j i is the j th dimension of the i th candidate solution, X j i is the j th dimension of the i th employed bee, X j k is the j th dimension of the k th employed bee, ⊕ is a logic operator, and φ is the logic NOT gate with 50% probability. If φ is less than 0.5, the result obtained by
is inverted; otherwise, the result is not inverted.
Different logic operators such as OR, AND, or XOR can be used in Eq. (8), but we use XOR as a logic operator because the changing probability of the bit in the solution is 50% in this gate. The reason for using XOR is explained using Tables 1-3 . 
According to Tables 1-3 , if AND or OR is used as the logic operator, the output (V j i ) is 0 or 1 with a probability of 75%, respectively. In the OR and AND operators, the bits in the candidate solution tend to be 1 and 0, respectively. When we use the XOR as the logic operator in Eq. (8), the changing probability of the bit is 50%. We therefore use the XOR operator as the logic operator in the implementation and experiments. The main difference between the binABC algorithm and the basic ABC algorithm originates from Eq. (8), which is a modified version of Eq. (2), in order to move on the binary-structured solution space.
BPSO and DisABC algorithms

BPSO algorithm
The BPSO algorithm was first proposed by Kennedy and Eberhart in order to solve binary problems [25] . In their method, potential solutions, called particles, fly throughout the solution space to find the optimum solution. Each particle has a velocity and this velocity is updated at each iteration using Eq. (9) .
Here, v ij is the velocity of the i th particle on the j th dimension; pbest ij is the best solution obtained by the i th particle in previous iterations; X ij is the j th dimension of the i th particle; gbest j is the j th dimension of the best solution obtained by the swarm so far; c 1 and c 2 are the positive acceleration constants used to scale the contribution of the cognitive and social components, respectively; r 1 and r 2 are the random numbers in the range of [0,1], which are stochastic elements of the algorithm; i is the particle index; j is the dimension index; and tis the time step.
After calculating the velocity of each particle, the particle's positions in the BPSO algorithm are updated using Eq. (10):
where r ij is a random number in the range of [0,1] and sig(v ij (t + 1)) is calculated as follows:
By considering the minimization problems, the personal best solution of the particle and the global best solution of the swarm at the next time step, (t + 1), are calculated using Eqs. (9) and (10), respectively:
where f is the objective function specific for the minimization problem and X i (t + 1) is the position of the i th particle at time step (t + 1).
In order to control the exploration and exploitation abilities of the swarm, a new parameter, called the inertia weight ( w), was introduced by Shi and Eberhart [27] . The inertia weight controls the momentum of the particle by weighting the contribution of the previous velocity. By adding the inertia weight, Eq. (6) is changed as follows:
DisABC algorithm
In order to solve pure binary optimization problems, the DisABC algorithm was proposed by Kashan et al. [8] . The DisABC algorithm is based on the conceptual structure of the ABC algorithm. The most important point in the DisABC algorithm is to generate a new solution using the interaction in the bee population. In order to generate a new solution, measuring of the dissimilarity between the employed bee and the neighbor bee is first calculated as follows:
where X i is the i th employed bee and X k is the neighbor bee selected from the employed bee population. m 01 , m 10 , and m 11 are calculated as follows:
• m 01 represents the number of bits when X ij = 0 and X kj = 1, where j = 1,2,. . . ,D and D is the dimensionality of the problem (
• m 10 represents the number of bits when X ij = 1 and X kj = 0, where j = 1,2,. . . ,D and D is the dimensionality of the problem (
• m 11 represents the number of bits when X ij = 1 and X kj = 1, where j = 1,2,. . . ,D and D is the dimensionality of the problem (
Eq. (2) of the ABC algorithm, to be used to produce a new solution in the continuous solution space, is reshaped as follows:
where V i is the candidate solution for X i , ϑ is the positive scaling factor, and ≈ is the almost-equal operator. In order to construct V i , the 3 variables given below must be determined:
• M 01 represents the number of bits when V ij = 0 and X ij = 1, where j = 1,2,. . . ,D and D is the dimensionality of the problem (
• M 10 represents the number of bits when V ij = 1 and X ij = 0, where j = 1,2,. . . ,D and D is the dimensionality of the problem (
• M 11 represents the number of bits when V ij = 1 and X ij = 1, where j = 1,2,. . . ,D and D is the dimensionality of the problem (
Here, n 1 and n 0 are the number of 1 and 0 values in the X i binary vector, respectively. For determining the values of M 01 , M 10 , and M 10 , the integer mathematical model given by Eqs. (17)- (20) must be solved.
After solving the mathematical model and getting the optimal values of M 01 M 10 , and M 10 , the V i candidate solution can be obtained using the new binary solution generator (NBSG), which is directly taken from [8] and given in Figure 3 .
Step 1. Compute the value of A through A= × ( , ) and use it in the mathematical programming model (17) - (20) The workings of the NBSG algorithm, which is the most important part of the DisABC algorithm, is explained with the example below.
According to the integer mathematical model given by Eqs. (17)- (20):
After the model is solved using the total enumeration scheme, the optimal output is obtained as M 01 = 1, M 10 = 1, and M 11 = 5 and f = 0.0143. After all, V i is generated as a 1 × 10 zero-bit array.
Using the NBSG algorithm; and M 10 = 1 bit position is selected from the Zeros Xi (assume that the random selection includes {4}), and the bit of V i in these positions is changed to 1. After this change, the final state of the candidate solution V i is { 1011010101.
More explanations for the DisABC can be seen in [8] . Despite the fact that the DisABC was used by being hybridized with a local search module for solving the binary optimization problem (UFLP) in [8] , we implement the DisABC without a local search module in order to make a clear comparison and show the performance and accuracy of the methods.
IBPSO
Yuan et al. proposed the IBPSO algorithm for solving unit commitment problems [26] . The particles in the IBPSO start to search the solution space with binary values and the velocities of these particles are also binary values. The main difference between BPSO and IBPSO is that the velocities are not updated on the continuous solution space and the velocities of the particles in IBPSO are the unchanging probabilities of a value in the particles. In IBPSO, the velocities of the particles are updated using Eq. (21), which is a modified version of the basic velocity equation of BPSO.
Here, V i,j (t + 1) is the j th dimension of the velocity of the i th the particle at time step t + 1; pbest i,j (t) is the j th dimension of the personal best solution of the i th particle at time step t; gbest j (t) is the j th dimension of the best solution of the swarm at time step t; X i,j (t) is the j th dimension of the i th particle at time step t; ω 1 and ω 2 are binary integer random numbers in the range of [0, 1] ; N is the number of particles; D is the dimensionality of the problem; and the ⊗ , ⊕ , and + operators denote the AND, XOR, and OR logic operators, respectively. After a velocity is obtained from Eq. (21), the particle position is updated as follows:
Briefly, while the basic PSO algorithm works on the continuous solution space and the velocities of the BPSO algorithm are on the continuous solution space, the IBPSO algorithm works completely on the binary-structured solution space.
Mathematical model of UFLP
A brief description of the UFLP is given in this section because the performance and accuracy of the proposed binABC algorithm are tested on UFLPs. In the basic formulation, the UFLP consists of a set of potential facility sites I , where a facility can be opened, and a set of customer locations J that must be serviced. The goal is to find a subset F of the I facilities that are the corresponding demand of customers J . The objective function of this problem is to minimize the sum of the shipment costs between F and J and the opening costs of the facilities. The general model of the UFLP can be mathematically expressed as [28] :
subject to:
where I = {1,2,. . . ,n} is the set of possible facility locations, J = {1,2,. . . ,m} is the set of customer demand points, f i is the fixed cost of opening a facility in i ∈ I , and c ij is the shipment cost between the i th facility location and the j th customer point. The decision variable x ij is the demand of customer j corresponding to the i th facility, and y i is the binary variable: y i = 1 if a facility is located in i ∈ I ; otherwise, y i = 0 .
The constraint in Eq. (24) aims to satisfy all of the demands of the customers. The constraint in Eq.
(25) ensures that a customer can be served from a facility only if a facility is opened. Constraints of Eqs. (26) and (27) define the decision variables in the binary structure. Due to the single assignment property of the UFLP, the demand of a customer is always entirely fulfilled by its nearest facility [29] . When the locations of the facilities that will be opened are determined, knowledge of which customer will be served by a facility can be obtained easily. Therefore, we address a vector A of n variables, where each variable in A is 1 bit. Each bit (A i , i = 1,2,. . . ,n) indicates whether a facility is opened at location i or not. This vector plays a critical role in the binABC because each employed bee represents this vector.
The UFLP is one of the most important NP-hard problems in location theory [8, 30, 31] and many studies have been presented on it in the literature. In order to solve UFLPs, many exact methods, such as branch-andbound [32] , linear programming and Lagrangian relaxation [33] , and dual approach [34] , have been proposed. Despite the fact that these methods ensure optimality, the computation time of these methods may be too much. For this reason, some approximate methods have been proposed for solving UFLPs. These methods cannot guarantee the finding of the optimal solution, but they can obtain optimum or near-optimum solutions in a reasonable amount of time. For instance, the GA [35] , tabu search [36, 37] , and discrete and continuous PSO algorithms [24, 38] have been proposed in order to solve UFLPs. In addition, a comprehensive study on the UFLP can be found in [39] .
We use the UFLP to test the performance and accuracy of the binABC algorithm because: 1) the UFLP is a pure binary optimization problem and there is no continuous or integer variable in the problem, 2) the method does not need to eliminate the infeasibility in the solution produced for the problem, 3) the optimal solutions for the test suit are available, and 4) one of the methods that is used for comparison (DisABC) is also tested on the UFLPs. The binABC and UFLP are described above, and the flowchart of the binABC adapted for solving the UFLP is given in Figure 4 .
Experiments
In order to test the performance and accuracy of our binABC algorithm, we used the uncapacitated facility location test suit (15 test problems) taken by the OR-Library [40] . In the test suite, 4 problems (Cap71-74) are small-sized, 8 problems (Cap101-104 and Cap131-134) are medium-sized, and the rest of problems (CapA, CapB, and CapC) are large-sized, and the sizes and the costs of the optimal solutions for the problems are given in Table 4 .
Analysis of the control parameters of the binABC
Before the comparison of the binABC with BPSO, the DisABC, and IBPSO, we analyze the effect of the control parameters of the binABC on the Cap71-74, Cap101-104, and Cap131-134 UFLPs. There are only 2 control parameters, the population size and the limit in the binABC algorithm. The limit value proposed for the continuous ABC [41] is expressed as:
where D is the dimensionality of the problem (number of potential facility locations for the UFLP) and N is the number of employed bees. Because the problem structure and the method are different, we calculate 4 limit values for each population size. If the abandonment counter with maximum content is higher than limit value, assign the employed bee with maximum content as scout bee Generate a random solution which consists of binary value for scout bee using Eq.7 Calculate cost value of the generated solution. (Eq. 23) Calculate fitness value of generated solution based on cost value (Eq. 2) Reset abandonment counter of this bee.
Assign this scout bee as employed bee. Store the global best solution of the population. UNTIL(The stopping criterion is met) Report the best solution obtained by the bees. 
The other control parameter of the method is the population size. In the analyses of the control parameters, the population size is taken as 10, 20, 30, 40, and 50. For all of the population sizes and limit values, the maximum iteration number used for the termination condition of the algorithm is taken as 2000 and the binABC algorithm is run 30 times with random seeds. The GAP, which is the difference between the cost of the optimal solution and the solution found by the method, and the standard deviations obtained by the runs are reported in Tables  5-9 . For the mean of cost values obtained by 30 runs, the GAP is calculated as follows: 
where f (opt) is the cost of the optimal solution and f (mean) is the mean of the costs obtained by 30 runs.
As seen from Tables 5-9 , when the population size for the algorithm is taken as 40, the best results for all of the problems are obtained. When the limit value for the population is increased, higher quality solutions are not obtained because the search ability of the population decreases. Moreover, when the population size is taken as 50 and the limit value is on the level of lc4, the diversity in the population is not kept and the selection of a good neighbor employed bee is made difficult. Therefore, higher quality solutions are not obtained under high limit value and population size conditions. According to the average GAP values and standard deviations, it is seen that the average GAP values in Tables 5 and 6 are the same when the population size is taken as 40, but the results in Table 5 are more robust than the results in Table 6 . We then use these (Pop Size = 40 and lb4 ) conditions for the algorithm for the comparison of the binABC algorithm with the other methods. The convergence graphs for the algorithm are designed as Cap132 problems under 2 sets of conditions. In the first, the population size is taken as 10, 20, 30, 40, and 50 and the limit value is lb4 ( Figure 5) ; in the second, the population size is taken as 40 and the limit value is lb4, lb2, lb, lc2, and lb4 ( Figure 6 ).
As seen from Figures 5 and 6 , the convergence of the binABC algorithm to optimum or near-optimum solutions is better under the lower limit value condition and the limit value of the binABC is more effective than the population size for finding the optimal or near-optimal solutions. 
Comparing the binABC with BPSO, IBPSO, and the DisABC
In order to make a clear and consistent comparison, the common control parameters of the methods (population size and maximum iteration number) are selected as 40 and 2000, respectively. The algorithms are implemented with MATLAB 2011a and run on an IBM-compatible PC with an i5 2.0-GHz microprocessor and 4 GB of RAM. For each problem, the methods are repeated 30 times with random seeds and the results obtained by the methods are reported as the worst, mean, best, and GAP of the mean. The peculiar control parameters of the methods are set as explained below.
Parameter setting of the BPSO:
The upper bound and lower bound of the velocities of the particles is taken as 6 and -6, respectively. The sigmoid function is given in Eq. (11) and values are demonstrated in Figure 7 for velocities between -6 and 6. As seen from Figure 7 , the changing probability of a value in the particle vector obtained by Eq. (11) is between 0 and 1. The -6 and 6 values used for the lower and upper bound of the velocities are sufficient practically. In addition, these bounds were used in the first study on BPSO [25] . The inertia weight [27] for the BPSO is calculated as follows:
where w is the inertia weight, maxit is the maximum iteration number (2000), and t is the iteration index. . Change probability of a value in the particle vector under the velocity bounds in [-6,6] .
Parameter setting of the DisABC: The peculiar control parameters of the DisABC were analyzed in [8] and the selection of the parameters is done according to their work. The scaling factor of the method (ϑ) is calculated using Eq. (36):
where ϑ (t) is the scaling factor at time step t, maxit is the maximum iteration number, and ϑ max and ϑ min are the upper and lower bounds of the scaling factor (0.9 and 0.5), respectively. The limit parameter for the population of the DisABC is calculated as follows [8] :
where Nb is the number of employed bees and D is the number of potential facility locations. It should be mentioned that the exploration and exploitation abilities of the basic ABC algorithm have been balanced using the limit value, but the effects of this parameter on the DisABC algorithm have not yet been analyzed. Therefore, we obtain the limit value using Eq. (37) for the DisABC algorithm.
In [8] , random and greedy selection logics were proposed in the inheritance and disinheritance steps of the NBSG algorithm and the effects of these selection logics on the DisABC were analyzed. Due to the fact that results of the random selection logic are better than those of the greedy selection logic, the random selection logic is used in the implementation. Because the performance and accuracy of the methods are investigated, instead of hybridization of the DisABC with the local search module, only the DisABC is used and the parameters of the local search module are not given in this study.
Parameter setting of the binABC:
The binABC algorithm has only one peculiar control parameter (limit), and it is analyzed in Section 6.1. According to our analysis, the limit value for the binABC is obtained using Eq. (38) :
where N is the population size and D is the potential facility locations.
The accuracy and robustness of the methods are compared according to the GAP values and standard deviations, respectively. In the comparison tables (Tables 10-12 ), the method with the lowest GAP value and standard deviation is given in bold font.
As seen from Table 10 , the BPSO and binABC have an equal performance for the Cap71 and Cap72 problems. BPSO is better than the binABC for the Cap133, CapA, CapB, and CapC problems, and the binABC is better than BPSO for the rest of the problems. Based on the standard deviations of the methods, the binABC is more robust than BPSO for all of the problems. As seen from Table 11 , the DisABC algorithm is better than the binABC for the Cap133 and CapA problems. The binABC algorithm is better than the DisABC for the Cap131, Cap132, CapB, and CapC problems, and for the rest of the problems, the performance of the methods are equal to each other. Based on the standard deviations, the robustness of the binABC algorithm is better than that of the DisABC for all of the test problems, except for CapA. Finally, when the binABC algorithm is compared with IBPSO, the binABC algorithm is better than IBPSO for both solution quality and robustness, according to Table 12 . The CR column in Tables 10-12 shows the changing rate of the mean results obtained by the binABC with respect to the other methods. If the mean result obtained by binABC is equal to the mean result obtained by the other method, CR is 0. If CR is a negative number, the binABC is worse than the other method. If CR is a positive number, the binABC is better than the other method. CR is calculated as follows:
where f other (mean) is the mean cost value obtained by one of the other methods (BPSO, DisABC, or IBPSO) and f binabc (mean) is the mean cost value obtained by the binABC algorithm.
A run-time comparison of the methods is also performed and shown in Figure 8 , where it can be seen that the running times of the methods depend on the dimension of the problem. The IBPSO algorithm has a lower running time than the BPSO, DisABC, and binABC methods for the small and medium problems. The BPSO and binABC have an equal performance for small-and medium-sized problems. The binABC has a lower running time than the other methods for large-sized problems but the BPSO algorithm has a lower running time than the binABC, DisABC, and IBPSO for the very large-sized problems. 
Results and discussion
In this paper, we propose a swarm intelligence-based optimizer called the binABC for solving binary optimization problems. The performance and accuracy of the proposed method are investigated and compared with the BPSO, DisABC, and IBPSO algorithms on UFLPs. The problems can be divided into 4 classes: small-sized (Cap71-74), medium-sized (Cap101-104), large-sized (Cap131-134), and very large-sized (CapA, CapB, and CapC). The proposed method has lower GAP values and standard deviations for the small-, medium-, and large-sized problems because the intensification (local search) of the binABC is very good. In BPSO, all of the solutions are reconstructed for the agents at each iteration. This behavior in the BPSO algorithm increases the diversification (global search) in the population but decreases the intensification of the population. Therefore, while BPSO is better than the DisABC and binABC algorithms for very large-sized problems, the DisABC and binABC are better than BPSO for small-, medium-, and large-sized problems. When the dimensionality of the problem increases, the accuracy of the DisABC algorithm is decreased, because the candidate food source position inherits too much from the previous food source positions, and the diversification in the population of the DisABC is decreased. The experimental results also show that the binABC algorithm is a good local searcher because only one parameter is updated for each solution at each iteration and global searcher, because if a solution could not be improved a certain time, the employed bee becomes a scout bee and the global search is thus provided in the binABC algorithm.
Conclusion and future work
This paper proposes a new binary version of the ABC (binABC) algorithm that works on binary-structured solution space. The key element of moving on the binary solution space is an XOR logic operator. In the binABC algorithm, the feasible food source positions are described on the binary solution space, the position of food sources consist of 0 and 1 logic values, and logic values 1 and 0 are to be opened and closed in the facility, respectively, for UFLPs. This solution representation can be extended to other binary optimization problems in the same way. According to experimental results, the proposed method is very effective for binary optimization and is an alternative tool for solving discrete binary optimization problems because it has a simple conceptual structure and only one peculiar control parameter (limit). Future works include adapting and implementing the binABC algorithm to solve different binary optimization problems such as feature selection for classification with support vector machines or artificial neural networks and swarm-based classification methods.
